Abstract-Pattern recognition of myoelectric signals for prosthesis control has been extensively studied in research settings and is close to clinical implementation. These systems are capable of intuitively controlling the next generation of dexterous prosthetic hands. However, pattern recognition systems perform poorly in the presence of electrode shift, defined as movement of surface electrodes with respect to the underlying muscles. This paper focused on investigating the optimal interelectrode distance, channel configuration, and electromyography feature sets for myoelectric pattern recognition in the presence of electrode shift. Increasing interelectrode distance from 2 to 4 cm improved pattern recognition system performance in terms of classification error and controllability (p < 0.01). Additionally, for a constant number of channels, an electrode configuration that included electrodes oriented both longitudinally and perpendicularly with respect to muscle fibers improved robustness in the presence of electrode shift (p < 0.05). We investigated the effect of the number of recording channels with and without electrode shift and found that four to six channels were sufficient for pattern recognition control. Finally, we investigated different feature sets for pattern recognition control using a linear discriminant analysis classifier and found that an autoregressive set significantly (p < 0.01) reduced sensitivity to electrode shift compared to a traditional time-domain feature set.
ple in the U.S. alone, almost 80% of whom choose to use a prosthesis on a daily basis [1] . Three types of prostheses are widely available for people with upper limb amputations: passive, body powered, and electrically powered. Passive prostheses are often employed for cosmetic purposes and have limited functionality. Body-powered prostheses are used to restore basic tasks such as opening and closing a terminal device. These devices are often used because they are simple, robust, and relatively inexpensive. Electrically powered prostheses are advantageous because they require less user effort, as movement is actuated with dc motors. They can be controlled through a variety of means such as force sensors, linear potentiometers, and electromyographic (EMG) signals. Electrically powered prostheses restore some functionality to amputees, but control of these devices is typically limited to only one or two degrees of freedom (DOF) [2] [3] [4] .
Pattern-recognition-based myoelectric control has been studied for decades and has demonstrated the potential to control more DOFs than conventional control techniques [5] . This approach is based on the premise that amputees can voluntarily generate distinct, repeatable EMG signal patterns for each motion class [6] . These systems are most intuitive when the EMG patterns are mapped to physiologically appropriate DOFs in the prosthesis. After significant research initiatives at multiple academic institutions, pattern recognition is nearing clinical implementation [7] , [8] . However, the clinical reliability of pattern-recognition-based myoelectric control systems is still challenged by some issues including effects of socket loading and limb orientation [9] , variations in muscle contraction effort [10] , and changes in electrode position-termed electrode shift-during donning/doffing and daily use [11] , [12] . This paper is a continuation of a previous study [12] on mitigating the effects of electrode shift on pattern recognition systems through modification of the signal detection interface. The underlying hypothesis of this paper was that pattern recognition classifiers trained with nonselective, global EMG recordings are less sensitive to electrode shift than classifiers trained with selective EMG recordings. Additional properties of the signal detection interface are considered here such as interelectrode distance, channel configuration, and the number of recording channels. Also, the effects of different feature sets extracted from the myoelectric signal are considered.
A primary factor affecting the signal selectivity of EMG recordings is the interelectrode distance, which is the distance between the two electrode poles that form a bipolar differential channel. A rough estimate of electrode detection volume is a sphere with radius equal to the interelectrode distance [13] . Most research studies have been conducted with interelectrode distances of approximately 2 cm, which yield relatively selective recordings. This spacing is based on SENIAM guidelines [14] , which help to standardize EMG measurement among research laboratories. Larger interelectrode distances increase the likelihood of muscle signal crosstalk, but the relative magnitude of electrode shift relative to the electrode detection volume decreases, potentially reducing the effects of electrode shift. In this study, we analyzed the effect of interelectrode distance on the performance of pattern recognition algorithms in the presence of electrode shift using both classification error and controllability of a virtual prosthesis as quantification metrics. A preliminary version of this paper has appeared in Young and Hargrove [15] .
The effects of channel orientation on myoelectric pattern recognition were considered in a previous study [12] . The results of this study demonstrated that the same number of electrode poles, a combined classifier using both longitudinal and transverse channel orientations, outperformed classifiers that used only one channel orientation. A limitation of this result was that the number of recording channels was not constant across conditions. In this study, the number of channels was held constant and the best channel configuration was determined.
The number of channels used for the classification of EMG signals differs between previous studies based on the classification problem and available recording equipment. Four channels have been previously used in myoelectric pattern recognition control studies with transradial amputees [16] , [17] . One study [18] showed that four transverse channels provided sufficient information for myoelectric control of 10 motion classes using forearm muscles and that additional channels did not increase classification accuracy. Other studies have found a similar saturation effect on classification accuracy with increasing numbers of channels [19] , [20] . In this study, we examined how the number channels affected the robustness of the pattern recognition system in the presence of electrode shift.
A large number of research studies have investigated the representation and classification of myoelectric signals for pattern recognition control [6] , [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] . Many combinations of feature sets and classifiers have been shown to effectively represent multichannel EMG signal patterns. In our previous study [12] , we compared the performance of a linear and a nonlinear classifier with and without electrode shift. Similarly to previous reports [18] , we found that without electrode shift, the classification accuracy of both classifiers was comparable; however, with electrode shift, the linear discriminant analysis (LDA) classifier generalized better than the nonlinear multilayer perceptron classifier [12] . In this study, we also considered the signal representation step of myoelectric control by comparing different feature sets using LDA. Time-domain (TD) features classified by LDA have been shown to be efficient and effective in realtime control [28] , [35] , [36] . However, autoregressive (AR) features have also shown promise in previous myoelectric control studies [22] , [30] , [37] , [38] , and both sets are tested in this study in the presence of electrode shift. From the four control sites, eight recording channels were formed: four longitudinal channels (L1, L2, L3, and L4) and four transverse channels (T1, T2, T3, and T4). Longitudinal channels were a differential of the proximal and distal pole at a single control site. Transverse channels were a differential of a pole from one control site and the corresponding pole from the control site on the opposite side of the arm. (c) Three interelectrode distances were tested for longitudinal channels: 2, 3, and 4 cm. For each interelectrode distance and condition tested in this study, the classifier was tested at the no-shift location, 1 cm perpendicular shift, and 2 cm perpendicular shift.
II. METHODS

A. Data Collection
Seven nonamputee subjects participated in this study, which was approved by Northwestern University Institutional Review Board. Four control sites were spaced evenly around the circumference of the forearm. At each control site, two monopolar Ag/AgCl surface electrodes with a diameter of 1 cm were placed longitudinally with respect to the proximal forearm [see Fig. 1(a) ]. A ground electrode was placed on a bony region on the elbow, away from muscles of interest. Eight differential EMG channels were formed from these eight electrodes: four longitudinal channels and four transverse channels [see Fig. 1 
Training data were recorded at three different interelectrode distances: the distal electrode was placed either 2, 3, or 4 cm from the proximal electrode [see Fig. 1(c) ]. One set of training data was collected for each distal electrode location. Seven different motion classes were tested: wrist flexion, wrist extension, forearm pronation, forearm supination, hand open, hand close, and relaxed (no motion), yielding a total of 3 DOF: one forearm DOF, one wrist DOF, and one hand DOF. Subjects were prompted by software to perform two repetitions of each motion class in a randomized order and held the contractions for 4 s and made repeatable, constant-force contractions to the best of their ability.
Test data for each of the three interelectrode distances were collected by a similar procedure. In addition, data for each of the three interelectrode distances were collected with all electrodes shifted to 1 and 2 cm locations in the direction perpendicular to the muscle fibers [see Fig. 1 (a) and (c)]. In total, test data including each motion class were obtained for nine different electrode placements for each subject.
B. Interelectrode Distance Testing
Controllability for interelectrode distance was assessed using the target achievement control (TAC) test. The TAC test is described in detail elsewhere [12] , [39] , [40] . Briefly, the subject controls a virtual prosthesis that can move in any of the trained DOFs, which in this study were forearm rotation, wrist flexion/extension, and hand open/close. The speed was proportionally controlled based on the mean absolute value (MAV) of EMG signals across all the channels, normalized for each subject for a specific motion class. Subjects had to move the virtual prosthesis into six target postures. The virtual prosthesis changed color when it was in the target posture (with a small tolerance for error). The subject had to remain in the target posture for 2 s to complete a trial. TAC tests were completed for interelectrode distances of 2 and 4 cm at the no-shift locations and the 2 cm shift locations. Only two channels were used for the TAC test: one longitudinal channel on flexors and one longitudinal channel on extensors [see L1 and L3 in Fig. 1(b) ]. In this experiment, real-time performance was measured in terms of subject failure rate and average time to completion. Failure rate was defined as the percentage of trials the subject did not complete within the allotted time of 17 s. Average completion time was defined as the average time for a subject to correctly position the virtual prosthesis in the target zone, including the 2 s dwell time.
C. Electrode Configuration Testing
Electrode configuration was analyzed in this study by selecting the best combination of four channels based on classification performance at all three shift locations (0, 1, and 2 cm) with a 2 cm interelectrode distance. Every possible combination of four channels from the eight recorded channels [see Fig. 1(b) ] was trained at the no-shift location and tested at the no-shift, 1 cm, and 2 cm shift locations. The weighted average error score was calculated using the following and used to determine the subset of channels that performed best across all shift conditions:
where E 0 , E 1 , and E 2 corresponded to the classification error of the selected channel at the no-shift, 1 cm shift, and 2 cm shift locations, respectively. E w is the weighted average error.
Weighting was designed to emphasize scores closer to the training location as small shifts are likely to be more common during prosthesis use.
D. Number of Electrode Channels Testing
In order to determine the effects of electrode shift with different numbers of recording channels, we analyzed subjects' performance using from one to eight channels. Every possible combination of channels was tested and a weighted error was assigned to each combination. For each number of channels, the combination that had the lowest weighted error was determined.
E. Myoelectric Feature Testing
The pattern recognition system architecture was the same as that used in previous research [12] . Briefly, preprocessing consisted of high-pass filtering at 20 Hz and sampling at 1 kHz. Each motion class was trained on 16 s of active data, and tested on a different 16 s of data. Data were divided for each class into 250 ms windows with 50 ms frame increment [16] , [39] . Due to limitations of the software at the time of the experiment, only TD features were extracted online and used for controllability testing. However, in postprocessing, TD + AR features were extracted for analysis in all conditions in this experiment. LDA was used for feature classification.
F. Statistical Analysis
Because data were normally distributed, differences in performance for all cases were analyzed with a general linear model using classification error as the response variable and subject as a random factor. Shift distance, interelectrode distance, electrode configuration, and feature choice were used as fixed factors. Posthoc comparisons with a Bonferroni correction factor were analyzed for each statistically significant factor of interest.
III. RESULTS
A. Effects of Interelectrode Distance
Larger interelectrode distances consistently produced lower classification errors (p < 0.01) (see Fig. 2 ). A posthoc comparison of interactions at each electrode shift distance revealed that interelectrode distance was not significant at the no-shift location. At the 1 cm shift location, the 4 cm interelectrode distance was significantly better (p < 0.05) than the smaller interelectrode distances. At the 2 cm shift location, the 4 cm interelectrode distance was significantly better (p < 0.01) than the 2 cm interelectrode distance.
The results for the TAC test for different interelectrode distances indicated that failure rates and completion times were nearly the same for each interelectrode distance with no shift (see Fig. 3 ). However, in the presence of electrode shift, subjects performed better with an interelectrode distance of 4 cm compared to 2 cm: Failure rates were 20% lower and completion times were more than 2 s faster with the 4 cm interelectrode distance compared to the 2 cm interelectrode distance. Fig. 3 . Effect of interelectrode distance on system controllability in the presence of electrode shift. TAC test failure rates (a) and completion times (b) for tests conducted with electrodes at the no-shift and 2 cm shift locations for interelectrode distances of 2 and 4 cm using TD features. Results are averaged over seven subjects with one outlier at the no-shift location removed. Two longitudinal channels were used for controllability testing. Error bars show +/−1 SEM.
B. Effect of Electrode Configuration
In terms of classification accuracy, the best subset of four channels from the eight recorded channels was found to be a combination of two longitudinal and two transverse channels [L2, L4, T1, and T3 from Fig. 1(b) ]. While there are 70 possible combinations, this configuration was compared only to electrode configurations consisting of four longitudinal or four transverse channels (see Fig. 4 ) as baselines. There were no significant differences between channel configurations at the no-shift location, as all three configurations had average classification errors of less than 10%. However, with electrode shift, channel configuration had a significant (p < 0.01) effect on classification error. At 1 cm shift, performance using four transverse channels was significantly worse (p < 0.01) than the other two configurations. At 2 cm shift, the combined longitudinal and transverse channel configuration performed significantly better (p < 0.01) than the all longitudinal and all transverse channel configurations, and longitudinal channels performed significantly better (p < 0.01) than transverse channels. There was a significant interaction (p < 0.01) between channel configuration and shift distance indicating that the configuration with two longitudinal and two transverse channels had smaller increases in classification error with increasing shift distance compared to the other two configurations.
C. Effect of Number of Recording Channels
The best channel subset for each number of recording channels between one and eight was determined-a total of eight subsets. An important result was that the best channel subset for each number of channels always consisted of at least one longitudinal and one transverse channel when more than one channel was used (see Table I ). The weighted error decreased with increasing number of channels up to six, and slightly increased with more than six recording channels.
The performance of the best channel subsets with electrode shift is shown in Fig. 5 . The use of four to six channels had the lowest classification error across the three shift conditions. An important result was that classification error was below 15% at the no-shift and 1 cm shift locations when using more than two recording channels. Classification errors in this range have demonstrated high controllability for seven motion classes [12] . The 2 cm shift location represents the worst-case scenario for Fig. 5 . Effect of the number of recording channels on classification error. Every combination of channels was tested and the best subset was chosen for each discrete number of channels. Results are averaged over seven subjects. Two centimeters interelectrode distance and TD features were used for this analysis, but the trend existed across all interelectrode distances tested. Error bars show +/−1 SEM. electrode shift and had high (>20%) classification error regardless of the number of recording channels.
D. Effect of Feature Set
AR and TD + AR feature sets were compared to the standard TD feature set and the MAV feature (see Fig. 6 ). With no electrode shift or a 1 cm shift, only the TDAR feature set significantly outperformed the TD feature set (p < 0.01). With 2 cm shift, both the AR and TDAR feature sets performed significantly better (p < 0.01) than the TD feature set. Performance of the AR and TDAR feature sets were never significantly different. The AR and TDAR feature sets performed better than just the TD feature set at all electrode locations. This trend existed across all channel configurations and interelectrode distances consid- 
E. Effect of Choice of DOFs
All the pattern recognition results displayed in this study were for three DOF. New advanced prosthesis may be able to support all three of these DOF, but many current devices only allow for one or two. Therefore, Fig. 7 was included to display results for four clinically relevant DOF control options. Results are displayed for two interelectrode distances-2 cm and 4 cmand two channel configurations: 1) two longitudinal channels [see Fig. 7(a) ] and 2) four combined channels [see Fig 7(b) ].
As expected, the 1 DOF classifier, which included hand open/close control, performed with lowest error across conditions. Notably, a 2 DOF classifier that also included forearm rotation (2 DOFb in Fig. 7 ) performed worse with shift in terms of classification error compared to the 3 DOF classifier. This indicates that the forearm pronation and supination motion classes are considerably more sensitive to shift than any of the other motion classes. The removal of the forearm rotation DOF (2DOFa in Fig. 7 ) considerably decreases classification error across conditions.
IV. DISCUSSION
The hypothesis behind this paper is that pattern recognition classifiers trained with global EMG signals are less sensitive to shift than those trained with selective signals. The interelectrode distance primarily determines the selectivity of the recording system. Channels with larger interelectrode distances record from a larger detection volume that includes a more global representation of the muscle activity. In this study, larger interelectrode distances decreased classification error and failure rates on the TAC test, demonstrating an increase in robustness by training with global EMG signals. Based on these results, we recommend using larger interelectrode distances, up to the 4 cm distance tested in this study.
This study found that a combination of longitudinal and transverse channels was the most beneficial electrode configuration for mitigating the effects of electrode shift. This result demonstrates that a combination of selective information from longitudinal channels and global information from transverse channels is useful for ensuring low error with and without electrode shift (see Fig. 4 ). Our previous study [12] also found that transverse channels added complementary information to longitudinal channels but was limited in that channel number was not kept consistent between conditions. In this study, each channel configuration was compared with configurations containing the same number of recording channels.
Two of the goals of this study were to determine the number of recording channels necessary to obtain sufficiently low classification error and to determine the optimal composition of channel subsets given a set number of channels. Based on weighted averages, it was found that a combination of longitudinal and transverse channels was always optimal when using more than one channel. This combination of selective and nonselective information decreased error with and without shift compared to configurations with only one type of electrode configuration. Also, these results indicated that there was little or no improvement in terms of classification error when using more than six channels, which corroborates previous claims [18] [19] [20] . For the transradial case, this study demonstrated that four to six channels were sufficient to obtain classification errors of less than 15% both without electrode shift and with shifts up to 1 cm.
Many previous pattern recognition studies have considered feature selection for myoelectric control. In this study, use of AR and TDAR features improved classification with and without shift compared to TD features, demonstrating that they form a better initial classifier and that they are more robust to shift up to 2 cm. Overall, the average decrease in classification error of the TDAR feature set compared to the TD feature set was 5.9%. Therefore, when practical, we recommend extraction of the TDAR feature set, especially in cases when electrode shift is involved.
One of the primary limitations of this study was that only unimpaired subjects were used to test the hypotheses. We expect these results to be useful for amputees provided that there is sufficient remaining musculature. These electrodes are typically embedded in the socket that attaches the residual limb to the prosthesis. The 4 cm interelectrode distance was the largest distance tested, as this is the widest spacing that prosthetists can reasonably accommodate on many transradial sockets.
This study complemented the previous study [12] by providing four additional findings. The first of these was related to the interelectrode distance, which had not been considered previously. We found that larger interelectrode distance mitigated the effects of electrode shift (see Figs. 2 and 3 ). The second finding involved an extended analysis of electrode configuration. In the previous study, two transverse channels were shown to provide complimentary information to two longitudinal channels using the same four electrode poles. In this study, two longitudinal and two transverse channels were shown to be preferred over four longitudinal channels or four transverse channels (see Fig. 4 ). Also, if more than one recording channel is used, we demonstrated that it is always beneficial to use at least one longitudinal and one transverse channel (see Table I ). The third additional finding was that, in consideration of electrode shift, between four and six channels are preferred for transradial myoelectric pattern recognition control (see Fig. 5 ). These values agree with previously published work that had not taken electrode shift into consideration. In the previous study, we considered different classification approaches. In this paper, we performed a complementary analysis on the feature extraction choice and demonstrated that TDAR features are most beneficial with and without electrode shift (see Fig. 6 ). Based on these findings, and the findings of the previous study, Table II was included to TABLE II  RECOMMENDATIONS GATHERED FROM STUDY FOR PATTERN  RECOGNITION-BASED MYOELECTRIC CONTROL summarize the main guidelines for the properties of the electrode detection interface and signal processing tested in these studies for myoelectric pattern recognition.
V. CONCLUSION
We found that larger interelectrode distances and a combination of longitudinal and transverse channels reduced system sensitivity to electrode shift. These results should be applicable for designing robust, clinically viable EMG pattern recognition systems. Additionally, we found that four to six EMG channels are preferred for the transradial case in consideration of classification errors both with and without electrode shift. Finally, we show that a TDAR feature set reduces the effects of electrode shift on pattern recognition systems.
